Copy number variants (CNVs) represent a form of genomic structural variation underlying phenotypic diversity. In this study, we used the Illumina Ovine SNP 600 K BeadChip array for genome-wide detection of CNVs in 48 Chinese Tan sheep. A total of 1,296 CNV regions (CNVRs), ranging from 1.2 kb to 2.3 Mb in length, were detected, representing approximately 4.7% of the entire ovine genome (Oar_v3.1). We combined our findings with five existing CNVR reports to generate a composite genomewide dataset of 4,321 CNVRs, which revealed 556 (43%) novel CNVRs. Subsequently, ten novel CNVRs were randomly chosen for further quantitative real-time PCR (qPCR) confirmation, and eight were successfully validated. Gene functional enrichment revealed that these CNVRs cluster into Gene Ontology (GO) categories of homeobox and embryonic skeletal system morphogenesis. One CNVR overlapping with the homeobox transcription factor DLX3 and previously shown to be associated with curly hair in sheep was identified as the candidate CNV for the special curly fleece phenotype in Tan sheep. We constructed a Chinese indigenous sheep genomic CNV map based on the Illumina Ovine SNP 600 K BeadChip array, providing an important addition to published sheep CNVs, which will be helpful for future investigations of the genomic structural variations underlying traits of interest in sheep.
large-scale CNV detections, particularly at the genome-wide scale 17 . SNP arrays are also advantageous due to their high signal-to-noise ratios and the use of B-allele frequency, which facilitates the interpretation of results 18 . Furthermore, less sample per experiment is required for SNP arrays compared to that required for array-based comparative genomic hybridization (aCGH) 19 . However, the main bias of SNP arrays on CNV detection is the low SNP coverage of the genomic regions that often harbor CNVs 20 . This bias may be minimized to some extent by increasing the genome coverage using commercial high-density SNP arrays. Therefore, the detection of CNVs by high-density SNP arrays has become in increasingly common and performed successfully in various species.
Tan sheep, one of the most important sheep breeds indigenous to China, are reared in Ningxia Province and are renowned for their production of high-quality pelts and long-term adaptation to the dry, cold and windy climate of northwestern China. The famous lamb pelts from Tan sheep are the result of long-term artificial selection and thus exhibit a lustrous white curly fleece that disappears gradually with age. Earlier studies have focused on various candidate genes to investigate the genetic mechanism of the distinct curly fleece trait (e.g., polymorphisms in the KRT1.2 (keratin 1.2) 21 and KAP1.3 (keratin associated protein 1.3) 22 genes, which are related to wool curvature). The latest skin transcriptome profiling of Tan sheep at ages 1 and 48 months determined that the keratin genes (including KRT25, KRT5, KRT7, and KRT14) and their associated pathways, which were previously shown to be associated with hair/fleece development and function, are expressed differentially between 1 and 48 months of age 23 . However, the genetic components behind the white curly fleece phenomenon and the adaptation to harsh environments in Tan sheep are still unclear.
The primary aim of this study was to conduct a genome-wide survey of sheep CNV regions (CNVRs) using the Illumina Ovine SNP 600 K BeadChip array and to explore the roles of the potentially specific CNVs in Chinese Tan sheep. First, a reliable algorithm was used to assay 48 animals to obtain highly convincing CNVs. Second, the identified CNVRs were compared with five existing CNVR reports in sheep and qPCR was conducted to validate a subset of the novel CNVRs. Finally, the potentially breed-specific CNVRs were determined and the functional relevance of the CNVR-harboring genes was further analyzed using Gene Ontology enrichment and the QTL database (http://www.animalgenome.org/cgi-bin/QTLdb/OA/browse).
Results
Genome-wide detection of CNVs and CNVRs in Chinese Tan sheep. After employing a stringent CNV calling pipeline, we identified 5,190 autosomal CNVs (4,985 losses and 205 gains) in 48 Chinese Tan sheep (Additional file: Table S1 ). In this study, we defined "loss" and "gain" as deletions and insertions relative to the normal di-allele copy number in the ovine genome. The average length of the CNVs was 64.1 kb, and the median length was 47.1 kb. We found that approximately 48.5% of the CNVs range from 10 kb to 50 kb, 21.7% of CNVs range from 50 kb to 100 kb in size, with 12.2% being small fragment CNVs (<10 kb) (Fig. 1a) . We found the number of CNVs in each individual to vary from 140 to 560. After aggregating the overlapping CNVs, we obtained 1,296 autosomal CNVRs representing 121.8 Mb (4.7%) of the entire ovine genome (Additional file: Table S2 ). The average CNVR size is 92.7 kb, ranging from 1.2 kb to 2.3 Mb. CNVRs ranging in size from 10 kb to 500 kb represent the majority (86.2%), whereas CNVRs larger than 1 Mb were rarely observed (0.8%) (Fig. 1b) .
We generated a genome-wide map of CNVRs in Tan sheep (Fig. 2a) . The chromosomal proportion covered by CNVRs varies between chromosomes, ranging from 1.5% on OAR26 to 18.2% on OAR24 (Table 1) . The number of chromosomal CNVRs ranges from 15 to 135 on OAR23 and OAR3, and the chromosome length and the number of CNVRs show a strong positive linear relationship (Fig. 2b , R 2 = 0.87). The average distance between the CNVRs on each chromosome ranges from 467.5 kb on OAR6 to 544.9 kb on OAR11. The closest CNVRs are 4.5 kb apart on OAR3, whereas the largest inter-CNV distance is 34.4 Mb on OAR23.
Remarkably, compared with the number of gain events, we observed almost ten times more loss events and a longer loss length, with the number of regions with CNV losses and gains being 1,173 and 119, respectively. Both types were found in only five regions. For each CNVR, the relative frequency of animals with an overlapping CNV ranged from 2.1% to 37.5% (Additional file: Table S2 ). In addition, 553 CNVRs were present in only one animal, whereas most CNVRs (57.3%) were identified in two or more samples.
Validation of the identified CNVRs. Based on five previous reports using various platforms to detect CNVs in different breeds of sheep, a total of 4,321 CNVRs (Additional file: Table S3 ) were obtained [9] [10] [11] [12] [13] . When comparing the novel CNVRs to the previously identified CNVRs, we found 740 (57.1%) overlapping regions (Fig. 3a) . Interestingly, the majority of the previously identified CNVRs detected in our study were large CNVRs (>100 kb) (Fig. 3a) . The total length of the novel CNVRs corresponded to 20.7 Mb of the genomic area. There were 340, 340, 10, 15, and 187 CNVRs that overlapped with those described by Zhu et al. 9 , Jenkins et al. 13 , Ma et al. 11 , Hou et al. 12 , and Liu et al. 10 , respectively ( Table 2) . To investigate the differences in distribution patterns between the five studies, we performed principle component analysis (PCA) based on the composite CNVR dataset (Fig. 3b) . PCA showed that PC1 distinguished our study from others and that PC2 distinguished our study from Jenkins' study; the other four studies clustered together (Fig. 3b) . The hierarchical clustering results showed the same tendency (Additional file: Figure S1 ).
As many as 556 (42.9%) CNVRs identified in our study are novel (Fig. 3a) . To verify the accuracy of our prediction of the novel CNVRs, quantitative real-time PCR (qPCR) was used to validate ten randomly selected CNVRs from our study (i.e., CNVRs #16, 147, 169, 602, 642, 660, 808, 1130, 1160, and 1219) (Fig. 3c) . These CNVRs represent three predicted statuses (losses, gains and both) for CNVRs, with frequencies ranging from low to high. Eight (80%) of the selected CNVRs were successfully confirmed. As shown in Fig. 3c , a normalized ratio (NR) of approximately 2 indicates a normal status (no CNV); an NR of approximately 1 or 0 indicates one or two copies deleted, and an NR of approximately 3 or above indicates one or more copies gained. Each CNVR had a reference sample, in which a CNV was not detected, and a reference gene, which also did not contain a CNV. The correlation between our CNV prediction and PCR validation was highly significant (P = 8.92E-12) (Additional file: Figure S2 ). Details of the primers and results are listed in the supporting information (Additional file: Table S4 ).
The reference genome used in this study, Oar_v3.1, has 21,585 gaps larger than 1 kb 16 . As stated earlier, we identified 5,190 CNVs, which accounted for 4.7% of the entire ovine genome. Among these, 463 (8.9%) overlapped with 1,255 gaps, indicating that the majority (90%) of the CNVs that we identified are located within the gap-free genomic region. Among the 463 CNVs that overlap with gaps, 140 (>30%) were confirmed by other studies. Of the eight randomly selected CNVs for qPCR validation, four overlapped with gaps and were verified by qPCR, suggesting that these gap-overlapping CNVs are also high-confidence CNVs.
Functional annotation of the identified CNVRs. The BioMart system in ENSEMBL (http://www.biomart.org/) was used to retrieve the gene content in the 1,296 CNVRs (1173 losses, 119 gains and 5 both). The 81% of our CNVRs overlap with 4,541 genomic genes (Additional file: Table S2 ), which are mostly located inside CNVRs (Fig. 4a ). Among these genes, 89.9% are protein-coding genes, 3.5% microRNAs (miRNAs), 3.2% lncRNAs, and others pseudogenes, processed pseudogenes, small nucleolar (snoRNA) genes, and miscRNAs.
Interestingly, we found that these CNVR-harboring genes are significantly enriched for lipid metabolism (P = 0.001) and GTPase activity (P = 4.63E-07). Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis showed that the Notch signaling pathway, the MAPK signaling pathway and the VEGF signaling pathway to be significantly enriched (Additional file: Table S5 ). Furthermore, we found genes associated with lipid metabolism, including PPARA (peroxisome proliferator-activated receptor-α), RXRA (retinoic X receptor A), KLF11 (Kruppel-like factor 11), PPP1CA (phosphoprotein phosphatase 1 catalytic subunit A), and PDGFA (platelet-derived growth factor alpha), that were previously reported to overlap with CNVs in fat-tailed sheep 9 . We found a total of 1,094 CNVRs (84.4%) that overlap with at least one base with QTLs from the sheep Animal QTLdb ( Fig. 4b and Additional file: Table S5 ). Most cases proved to be CNVRs residing in a QTL region.
Potentially specific CNVRs in Tan sheep. Using the same 600 K ovine BeadChip platform, Zhu et al. 9 identified 371, 370 and 66 CNVRs in large-tailed Han sheep, Altay and Tibetan sheep, respectively, which allowed us to identify the potentially breed-specific CNVRs for Tan sheep. According to the method described by Zhu et al. 9 , we filtered out CNVs smaller than 100 kb and obtained 303 CNVRs. The Venn diagram of the four different indigenous Chinese sheep breeds showed 46, 60, 130, and 5 potentially specific CNVRs in Tan sheep, Altay sheep, large-tailed Han sheep, and Tibetan sheep, respectively, which were sampled by both Zhu et al. 9 and in our studies (Fig. 4c) . GO analysis of genes overlapping with the 46 potentially specific CNVRs in Tan sheep showed significant enrichment of the homeobox (P = 9.6E-06), embryonic skeletal system morphogenesis (GO:0048704, P = 2.15E-08) and anterior/posterior pattern specification (GO:0009952, P = 2.5E-07) categories (Table 3) . Interestingly, DLX3/DLX4 (homeobox protein DLX-3/DLX-4), two well-known genes associated with hair development, belong to the most significantly enriched GO category of homeobox. Moreover, HOXD12 (homeobox protein Hox-D12) and TBX6 (T-box transcription factor 6), as well as HOXB3 (homeobox protein Hox-B3), which is involved in embryonic skeletal system morphogenesis, overlap with the CNVRs potentially specific to Tan sheep.
Discussion
Using the high-density 600 K SNP arrays, this study identified more than 5,000 autosomal CNVs in 48 animals and grouped them into 1,296 CNVRs in the sheep genome, thereby providing a genome-wide view of CNVs in the Chinese Tan sheep genome. The number of identified CNVRs is larger than that reported by two existing ovine 50 K SNP array-based CNV studies, in which 111 and 238 CNVRs were detected (Table 2) . This difference is not surprising, as the current study used a high-density SNP array containing more than 600 K probes, whereas Ma et al. 11 and Liu et al. 10 used low-density SNP arrays with 50 K probes. Thus, more than 10 times better resolution was achieved by this study than the earlier two SNP array studies, which also resulted in the smaller mean/ median length of CNVRs (Table 2 ). In fact, a significant improvement in CNVR detection in sheep has been previously achieved by increasing the aCGH probe-spacing resolution from 385 K to 2.1 million probes 13 . In addition to probe-spacing resolution in the genome, the applied filtering process can also affect CNV detection. This was reflected by the comparison of the current study to a previous 600 K SNP array-based CNV study, in which Zhu et al. 9 filtered out the small CNVs (less than 100 kb in size) for CNV detection. As a result, Zhu et al. 9 identified half as many CNVRs as the present study, and the median size of the CNVRs they detected was twice as large as that of our study. As expected, when we applied the same filtration process used by Zhu et al. 9 , a CNVR overlap of nearly 60% was reached, which is much higher compared to that found in the previous four studies ( Table 2) .
The 1,296 autosomal CNVRs reported in this study account for approximately 4.7% of the entire ovine genome. This estimate is similar to the range reported in horses 18 , pigs 19 , cattle 24 , and humans 25 (0.8% to 5.0%). The estimate is still higher, even when compared with a comprehensive CGH array-based CNV study that covered 2.7% of the ovine genome 13 . This difference could be due to the underestimation of sheep CNVs by Jenkins et al. 13 , in which a cattle reference genome was used for the probe design and, thus, sheep CNVs in regions that were deleted in or of low homology with the reference genome were likely ignored. The difference could also be due to the overestimation by the CNV calling algorithm, PennCNV, in our study. The current SNP array-based detection of CNVs remains prone to false positives and shows low concordance between multiple calling algorithms 26 . Although PennCNV software is widely used for Illumina SNP arrays 27 , particularly for high-density SNP arrays 9 , a certain proportion of false positives exists in our findings. SNP arrays may also miss CNVs because their SNP chip coverage shows inherent bias against the genomic regions harboring CNVs 20 . For example, segmental duplications (SDs), one of the catalysts and hotspots for CNV formation, are often affected by low probe density due to the difficulties of array design 28 . Furthermore, common CNVs may cause SNPs to be rejected when the SNPs deviate from Mendelian inheritance and the Hardy-Weinberg equilibrium 20 . Of the 1,296 identified CNVRs, more losses than gains were observed. This imbalance was also observed in reports by Zhu et al. 9 and Liu et al. 10 (Table 2 ) and is commonly reported in the literature 29 . This large disparity between deletions and duplications can be biased by the high sensitivity to loss events of the CNV calling algorithm and the lack of a Chinese sheep population during the SNP array design. If this bias can be avoided and the high ratio between loss and gain in Chinese native sheep breeds is still found, then this high ratio could be due to genomic differences between foreign breeds and Chinese breeds. Therefore, new strategies (for example, sequencing-based CNV detection) and large Chinese sheep populations are needed to investigate the high loss/ gain ratio in future studies.
Notably, 57.1% of the CNVRs detected in this study can be confirmed by other published studies [9] [10] [11] [12] [13] and 80% of the randomly selected novel CNVRs were further confirmed by qPCR, indicating the accuracy of our CNV detection using a high-density SNP chip in the sheep genome. Currently, three algorithms for CNV detection based on SNP arrays have been developed, which are available in different programs, including PennCNV 30 , cnvPartition (http://www.illumina.com/documents/products/technotes/technote_cnv_algorithms.pdf) and QuantiSNP 31 . According to a previous comprehensive assessment of multiple CNV calling algorithms for array-based detection, the concordance of these algorithms is low 26 . The common set of CNVs detected by multiple algorithms may avoid bias to some extent but may also miss many false negatives, whereas the union set may contain a large number of false positives. This makes it difficult to determine the appropriate number of CNVs, as summarized by Winchester et al. 20 . According to the number of citations in PubMed, PennCNV software is currently the most widely used for Illumina chips (PennCNV: 955 citations; QuantiSNP: 432 citations) 27 , particularly for high-density SNP data 9 . Compared to other algorithms such as CNVPartition and QuantiSNP, PennCNV is more reliable for assessing the number of copies when using Illumina high-density arrays because it incorporates the allelic intensity ratio at each SNP marker and the total signal intensity, the allele frequency of SNPs, the distance between neighboring SNPs, and the GC content to overcome biases 32 . In this study, we used high-density SNP arrays and stricter filtering criteria (SD of LRR < 0.30 and BAF = 0.01) to reduce the rate of false-positive results, resulting in a qPCR confirmation percentage of 80%. We also found a good correlation between our CNV prediction and qPCR validation (P = 9.0E-12; R = 0.7105; Figure S2 ). The discrepancy between PennCNV and qPCR validation could represent false negatives in qPCR amplification due to the ambiguous boundaries of CNVs. The uncertain boundaries may lead to placing the qPCR primers outside the actual CNVs, whereas the potential impacts of SNPs/small indels may affect the specific binding of primers to the CNV region for some individuals 17 or could be false positives in the CNV detection by PennCNV in our study. More than 80% of the CNVRs identified in this article span 1,094 QTLs (Table S6) belonging to seven categories: meat and carcass traits, milk traits, production traits, exterior traits, reproduction traits, health traits, and wool traits. Tan sheep is one of the most important sheep breeds in China because the pelts have special curly fleece after birth, but the animal gradually loses this phenotype with age 23 . To identify Tan sheep-specific CNVRs underlying this unique phenotype, the current study was compared with that by Zhu et al. 9 and 46 potentially breed-specific CNVRs in Tan sheep were obtained (Table S7 ). GO analysis of the CNVR-harboring genes showed the most significant enrichment in homeobox proteins (P = 9.6E-06), which have been previously shown to play key roles during fetal development in humans 33 . Among the homeobox transcription factors, DLX3 is essential for hair morphogenesis, differentiation and cycling programs 34 . The mutation of this gene is associated with tricho-dento-osseous syndrome, which is characterized by curly and kinky hair at infancy that later straightens 35 . Interestingly, this is consistent with the unique phenotype in Tan sheep (i.e., curly fleece after birth that disappears with age). Previous studies have shown that SNPs in the 3′UTR and promoter regions of DLX3 have a significant effect on wool curvature in Chinese Merino sheep [36] [37] [38] . Therefore, this candidate gene is worthy of validation for its functional relevance to the special curly fleece in Tan sheep. In addition to the unique trait of curly fleece, Tan sheep exhibits the common fat-tail phenotype, as do other sheep indigenous to China, for adaptation to the dry (average annual precipitation <400 mm) and cold (average annual temperature is 4 °C) climate. Thus, by comparison with the previous CNV study of the two typical Chinese fat-tail breed 9 , we found that the same set of CNVR-harboring genes involved in lipid metabolism and the same GO category of lipid metabolism were significantly enriched (P = 0.001), indicating that the identified CNVRs are also likely associated with the fat-tail phenotype in Tan sheep.
Materials and Methods
Sample preparation. Blood samples were randomly collected from 48 unrelated Tan sheep (6 rams and 42 ewes) from multiple flocks in Ningxia province. Each sheep was carefully confirmed to match the phenotypic characteristics of the Tan sheep breed. Genomic DNA was extracted from blood using the Promega Wizard Genomic DNA Purification Kit (Promega, Madison, Wisconsin, USA) according to the standard protocol provided by the manufacturer. A NanoDrop 2000 was used to measure the purity and concentration of the genomic DNA.
Procurement of peripheral blood was performed according to the guidelines for the care and use of experimental animals established by the ethics committees of the Ministry of Agriculture of People's Republic of China. All of the animal experiments were approved by the Chinese Academy of Agricultural Sciences (CAAS) (Beijing, China).
Genotyping and quality control. According to the manufacturer's protocols (Illumina, San Diego, California, USA), all genomic DNA samples from 48 sheep were genotyped using the Illumina Ovine SNP600K BeadChip array, which contains oligo probes for 685,734 SNPs, with the majority (80%) equally spanning the ovine genome, 10% reported in the literature as functional variants, 7% overlapping with the Illumina Ovine SNP50K array, and 3% accessible using a genotyping-by-sequencing protocol 39 . The raw data were extracted using GenomeStudio (Illumina) and strict quality control was used for SNP filtering to increase the accuracy of the CNV detection. First, we removed individuals in which the call rate was <90%. Second, we discarded SNPs with a >10% missing genotype and a minor allele frequency (MAF) <0.05. Third, we removed SNPs that severely deviated from Hardy-Weinberg equilibrium (multiple test-adjusted P < 10 −5 ) within each population. In addition, identical-by-descent (IBD) was conducted using Plink software. Finally, 495,786 autosomal SNPs were subjected to the subsequent CNV detection and analysis. The X and Y chromosomes were excluded 40 .
Genome-wide detection of CNVs and CNVRs. CNVs were detected using a hidden Markov Model (PennCNV, http://www.openbioinformatics.org/penncnv/), which allows for the detection of CNVs based on Illumina or Affymetrix SNP chip data. Illumina GenomeStudio software can export the signal intensity data of the log R ratio of R (LRR) and B allele frequency (BAF) for each SNP. The population frequency of B allele (PFB) file was calculated based on the average BAF of each marker in the population. The PennCNV algorithm 30 was only applied to autosomes (command: -lastchr 26) to identify individual-based CNVs. To increase the confidence of the detected CNVs, quality control was performed by employing standard exclusions of the LRR (standard deviation of LRR) <0.3, a BAF drift <0.01 and a waviness factor <0.05. We classified the status of these CNV into two categories: "loss" (CNV containing a deletion) and "gain" (CNV containing a duplication).
The CNVRs were determined by aggregating the overlapping CNVs (with at least 1-bp of overlap) that were identified across all of the samples, according to previously reported methods 41, 42 . We removed the CNVRs that were less than 1 kb, as CNVs were defined as fragments ranging from 1 kb to several Mbs and having a variable copy number in comparison to with reference genome 1 . To further support the PCA results, a Hierarchical clustering analysis 43 for all published studies was performed according to their CNVR distribution.
Functional enrichment analysis of CNVR-harboring genes. BioMart Comparison with previous studies. To evaluate the reliability of the CNVRs detected, we compared our results to five existing studies of sheep CNVs detected using various platforms and involving different breeds [9] [10] [11] [12] [13] . The CNVRs were compared according to our previous paper 17 . To compare the CNVRs among sheep breeds with different types of tails under the same condition (including the same platforms, analysis methods and filtering parameters), we removed all CNVs less than 100 kb according to the technique described by Zhu et al. 9 . qPCR validation of CNVRs. We performed qPCR analysis on ten random selected genomic regions harboring CNVs identified in this study on an ABI7500 (Applied Biosystems by Life Technologies, Darmstadt, Germany) sequence detection system. The primers (Additional file: Table S4 ) were designed using Primer Premier 6 software (Premier Company) and were based on NCBI reference sequences. The genomic DNAs of the same individual used in the Illumina Chip genotyping were used for the experimental validation. The two normal copies of DGAT2 in the ovine genome were used as reference genes according to our own study and a previous study 10 . Four samples in which a normal copy number was identified in the target regions were used as reference samples. PCR experiments were conducted using Power SYBR Green PCR Reagent Kit (Applied Biosystems). The qPCR conditions were as follows: 95 °C for 3 min, followed by 40 cycles of 95 °C for 15 s and 60 °C for 60 s. Three replications were performed for each sample. Fold changes were determined using a standard 2 −ΔΔCT method that compares the ΔC T value of a reference sample with the sample of interest for the ΔΔC T calculation and compares the C T (cycle threshold) values of a reference gene to the gene of interest for the ΔC T calculation. Fold changes were normalized to a diploid number for a better comparison of copy number in all qPCR plots.
